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Logistic [R] AR 7 1 DU A AS [R) 56 B BG4 (8] SOMPEAR B AT 3P4, 45 SRR A3 TALSE Logistic [RIEAEAD | f & Bt A2 W
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Abstract: Forest fires significantly impact on forest ecosystems, causing extensive ecological damage and significant
economic losses. This underscores the urgent need for accurate and reliable forecasting models to support effective forest fire
prevention and management strategies. This study compares the performance of Logistic Regression and Spatial Generalized
Additive Models in predicting forest fire occurrences and accessing fire risk levels, thus providing a solid scientific basis for
informed decision-making in fire prevention efforts. Using comprehensive forest fire data from Heilongjiang Province,
collected over a 15-year period (2006—2020) , the study integrated multiple influencing factors, including meteorological
conditions , topography , and vegetation characteristics,to assess the predictive capabilities of the Logistic Regression Model
and four different basis functions of the Spatial Generalized Additive Models. The SGAMs tested in this study included
models with Gaussian process smooth spline (GP) ,Cubic regression spline (CR) ,Thin plate regression spline (TP ,and

Adaptive smooth spline (AD). The results clearly demonstrated the significant advantages of Spatial Generalized Additive
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Models over the conventional Logistic Regression Model, with Spatial Generalized Additive Models consistently achieving
superior model fit and predictive accuracy. Among these models,the Adaptive smooth spline ( AD) model exhibited the best
overall performance,with a 4.2% increase in test set accuracy and a 0.053 improvement in the area under the curve ( AUC)
compared to its counterparts. Further spatial analysis identified high-risk forest fire areas in Heilongjiang Province , primarily
concentrated in the northwest and central-southern regions. These findings closely align with the province’s existing fire
prevention layout,underscoring the practical relevance of Spatial Generalized Additive Models-based models for real-world
applications. Notably,the study highlights the critical role of spatial data in forest fire forecasting. By incorporating spatial
data,the understanding of fire risk patterns across diverse landscapes is significantly enhanced, enabling region-specific
prevention strategies and optimized resource allocation. Additionally,the unique advantages of the AD model stand out. Its
ability to provide segmented linear insights into the effects of influencing variables allows for a more nuanced interpretation
of how factors such as meteorology, topography, and vegetation interact to influence fire risk. This capability supports the
development of more precise and targeted fire prevention measures. In conclusion, this research underscores the potential of
Spatial Generalized Additive Models, particularly the AD model, as highly effective tools for advancing forest fire
management. By adopting these advanced models, regions like Heilongjiang Province can strengthen fire prevention
strategies , better protect forest ecosystems, and achieve sustainable forest management goals while minimizing the risks of

future catastrophic disasters.

Key Words: forest fire prediction model ; logistic regression model ; spatial generalized additive model ; segmental effect ;

smoothing spline function

K REBMAESREWEZETIRHEER W R E R A RKE 5 NSRRI R T HE KM
I BRI R A K 1 R A SR B A S A b S DG R R, T A At A
AN E P B AR K e A TN ASE A8 7 A P R 3 I T AT T i i 22 PR

H AT, B NN XA IR A ISR AT ORI 5E , E 20 G TaAA [ | 0 30 (B 1 Logistic [A]
IEE SR = {UREC Ei TR O NI (E2 1 o T N R 370 N PR R e < = B S - o
Logistic [F1 ISR ALZE M K FIUM Hgl 3z L, RS T — 2 IR 2 R, R ok I — AN R s i 2k
Mt B, 2 B 2R R R A5 XS R 2Z I E R LR 24 0 ML SR Logistic [1JARIAL TE A 1 42 40 21
At 2 A ARG FR , HRRIEA 5 | A SE B a2 A ORI DL AR 2 1 56 A (HAX R 7 v AT e 2 38 s AL 1Y
SEREENS S TEMLER A ) Bk v, G AL 7 SR A B AR S LA R A 0 T A R (R BE T B, E MR
w1 MR, R A A SR FR AR RE A AT AAL B SR OB FAE LR SC R BB 2 ML 2 L2 %
B, R PT i e f 2

IR B 28 18] ) SO A5 Y ( Spatial generalized additive model, SGAM ) J& 3 F 7 i 45 7l
( Generalized additive model, GAM ) 4" Ji& , 7E AR I 5 J T 25 [ AHOCHE . AHEL T Logistic [MIIHAHY  SGAM 7
Qb FRELAT 245 ) 25 P (4 S et A 3 T L g 4 pR SR A A TR A e R By AR e 2 [ R 2 OGO
FHF LA R AR M BAE T SGAM AT L3 ik v 4 FA ST i R 4501 98 DR A L e A 0000 25 2 1) 3 B S8 A
SEREE A B TR A B AR KA 2 TR A3 AT B, DT AP I RUE: Ak FIORS 40 F0 48 BB (LR 24 B . E T,
GAM B ¥Z I FH T 2R K R FMBF 5T . e Brillinger 252" FH T 7500 485 3 X1 M i) ok o #5051
R TSR 5 Parisien 557 IER GAM REAS A 35 FIUI S 1 30 by DX bR K & A 1) 2 18] 5 5 1 3 Woolford 25>
D) T R e R 48 30 o i IO AR AR AR R & TR A st 235 IRUBE (R R T A 7Y ;s Phelps 457 3 3
Xf EACHE IS A GE TR BRI BL AR 2 S RS R B GAM 5 1L 2 ST A8 EAT AR P BB, H. GAM 7] Btk 1
EEAH, DAEMR FEE P4 S R b A SCES & T 4= RSB — S BRI 5T ik — 20
T THHR Z A G R

ARSI AT 1) BRIRTTAR A FE R G252 R SCERERIR A HE Rt 25525 18 T8 DL Mok Bk sh I %, JF
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W25 T B A B AT AR &, AFF5E 4 B Logistic [H1AARHY R4 18] 7 SUMAMEAR 7 2 37 BT A8 Mok &
A TR AR POEI 2% SR RIS [ (B b, 4] o BT A A KB 2 2, sl o B R UL S A,
b7 2= 1 SOMAAAE I AR BN (8 T A4, S bR R TN ASE 1 8 Sz A0 g FH B0 ) LB

1 MRS

1.1 R IXHEN

B VT4 M A e A A AL BB (43°26'—53°33'N, 121°11'—135°05'E ) |, Ji ZE R K fili 1t 22 XU A5 | 4F [k
i 400—800mm , 4F- H FR A0k 2400—2800h, 445 Bl HBTAI AN 47.3x10*km” , ZRAR T LA 1990.46Xx 10 hm” , ZRAK
FERE 18.47x10° m® , AR 16 3 5135 43.8%, 2 T E AR CKCK B R ML IX 22— B4 A L0 ( Pinus
koraiensis) 8T # ( Pinus sylvestris var. mongolica ) Fl A ¥ ( Betula platyphylla) %5 5y R W Tl LA K 75 #5 Bk (Acer
tegmentosum ) SEBI KRR, ARBE o E G211 4F % (hitp : // www. stats. gov. cn/sj/ndsj ) ,2006—2020 4 [&] , 2P VT4
IRz ki 818 i, Hirh K kK 8 2, k37 B AR 595253hm* , Horp 1932 R ARARE LA 325973hm? | K Rk i
B 43 AT,
1.2 Hdikla
1.2.1  KEEE

A5 2006—2020 AF 1] AR A CECHE | of 5T 5 [ 1R 2 M0 KA 25 Jm) (NASA) &AL B H AR ™ i
MCD14DL, 7 [ 53 BE Sk Tk, B0 A2 2 Kk U7 & 00 B A FIES ] B A5 B AR R 465 .. MCD14DL
JEIET MODIS A48 28 B 7 i, MODIS #5285 T Terra Fl Aqua TR | IT 4R 12 B TARACBFSE 2, AHF
R E G KT 70% 00K 5 o JRFAET, —J5 1, T2 s S st ] 5 S B ok ok e A st i) 22 6] P RE A E 25 5%,
FE— LS HRPE Y K I A RERE M 27 53— 5, FE R R T X e 2 ST T KR PR A A
A RETC L o TR AL IR AT S0, S BCE AR AR Y AR B e R B s A ks, 45 AP 1010
T3 BB R - bt 1] P ERDR: 328 S A 5B P B AL A e 23R - iR 2R AR [ SR AR MR b o> e 2459 3 )
5K 5 10479 A4S, 40K 1, H T Logistic [JARIHIFT SGAM 4F — I /34 , ABFFE A ArcGIS #R4H% 18 1:1 Y
EL A A BB ML A A A KO, R 5 BV S R, R EAT R RIS A /NI B Tk, HLBEHL S 7E 55
[E3) R [ 1 0 A 5 G BEAILE S

0

1 HARBRASMSKESINSH
Fig.1 Distribution of fire points and meteor stations in the study area
1.2.2 S5 54E
BT T A H L8 R E T b B G0 M (http :// data.cma.cn ) $24E (%) 2006—2020 4 [0 &R ITA
WA 1y 39 AR RGP IS H S5 AL H BRESE0 AR | K SRR
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RS HERINELE . XSGR 10 28 1h 2 52 i BRAMBRBH) 3 7K SR KA, DTS2 il R M KR 1)
A= AreGIS [ RETIAE , BN B S R ML S it 19 S ol B, I i X 0l 54 Sy o — 7 B 4
B ) H <5500
1.2.3  HUE

W R 2R S R M B R 00 3 Ai TR R A L AR 9 04 VA 4 K080 O VR T b B s ) 500 = (hep 2/
www.gscloud.cn ) $EALA M HEFR N 25m BB F R AL (DEM) |, F ] ArcGIS (1 3D S0 HrShBE A | HEEUK
SUFBEHLS AR SR B
1.2.4 YA S

IH— LB 5 20 ( Normalized difference vegetation index , NDVI) {F S i & SR RE R 50 1) BE 2248 b , 2 520 K
REEW) AR EZ—, B H NDVI A ECE >R IR T FE 285 ks B2 85005 H 0 (http . //data. tpde. ac.en) |
i F A 2 2006—2020 4F [] TLE (£ /38 MOD13A3 $24LA 250m 2038 % 7 NDVI 54
1.2.5 Fdigit

AR AT 17674 NFHEA S, IR B4 7:3 LLBIBENLR) 43 N R TR . o IR 5
12370 DFREAS JIAEEAL & 5304 MHEAR . 2 1 BR T WA EIEE T & AL RS ST,

®1 BAZEHit

Table 1 Independent variables statistics

FFEIE Fitting data Ke384k Validation data
o 5 R AL o 5 5 FR
AR EL 7];/]( 2y - e 2y - X7
12@ & T B/ME R PR o fcient FHE RME RKRE 22 Coefficient
Variable name . . Standard ) . R Standard .
Mean Minimum  Maximum o of Mean Minimum  Maximum o of
deviation L. deviation L.
variation/ % variation/ %
i Latitude/ (°) 48.91 43.70 53.39 1.82 3.7 48.88 43.70 53.39 1.80 3.7
2% Longitude/ (°) 127.92 121.70 134.75 2.66 2.1 127.94 121.89 134.75 2.67 2.1
B2 o g
Ei'ﬁf(%)x 18.39 0.20 43.70 8.55 46.5 18.22 1.30 41.60 2.67 2.1
Maximum temperature/°C
H HRT 8.09 0.00 15.30 3.47 42.9 8.10 0.00 15.70 3.47 42.8
Sunshine duration/h ’ ’ ’ o ’ ’ ’ ’ ’ ’
X
i ]L.Y“/)E - 56.31 12.00 100 17.45 31.0 56.35 12.00 100.00 17.54 31.1
Relative humidity/ %
[%7K Precipitation/mm 0.76 0.00 92.30 3.85 507.2 0.74 0.00 84.40 3.79 512.6
5% Elevation/m 345.56 15.00 1299.00 176.50 51.1 347.72 9.00 1299.00 179.02 51.5
Wi Slope/ (°) 4.25 0.00 32.64 3.61 85.1 4.33 0.00 31.34 3.68 84.8
1% H — AL FE 5L
Normalized difference 0.44 0.0003 0.98 0.23 52.6 0.44 0.0013 0.97 0.23 51.5

vegetation index

1.3 Wk
1.3.1 AR sifisk

5, {5 280K I F ( Variance inflation factor, VIF ) K6 56 ffg e A8 1 2 [B] (1) &2 B de 2k M R HEBR BB £
FILLVER - (VIF>10) o A5 it XU 225 (a1 UA )7 0k 25 B e AN (35 A DR i 208 30 4% 1) i e 70 1 20
ARG
1.3.2  Logistic [A[JH#7Y

Logistic [MHAAYE—Fh F T =40 28 I RE Y [m SRS AY ) 73z i F TRk R A= g 30 5 2 B 4k, i —
SR RS L Y R MR (Y= 1) SR % (Y=0) BRI B BIIESCR PR KA MR 1-P U P 5k
A X (i=1,2,-,n) ZEEIHE R R,

. P
logit(P)=1In ﬁ=l80+,81X1+-~-+Ban
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223 7B AT B Logistic MBI .
1

P [=(BotB1X1+-4B,X,) ]

1+exp
T, PRI IR n Ay i A T 1)K, By R MY AR BRI, B, , B, A B B 1 M A R %8, X, X, S A
A E
1.3.3 =5 [a)) SO A
Z2[a] ) SO AR ( Spatial Generalized Additive Model, SGAM ) J& 78] SUIMMPEAR A ) BLfik I, 25 & 25 0] 45
TR FEAEAY Sl bR F A2 RS RO SR RSB T pR A A A 72 5 0 0728 e 22 [ 19 52 %
B T
TEZS AR 85 (X Y) IS TR E s = (s ,8,) R, s, RREE s, RoREREE . W T 7 R g —
oA , ARSI Logistic SGAM A8 H—Juma i A "™ . P(Y=11s,X)
explatg(sy5) (X)) w47 (X,)
Lrexp(artg(sy,5,) 4, (X)) 4,(X,)
A o WEL, g () 2 XU B 2 [A)3ON 1 eR R, OF A () (=1, - P s PR SR UL 1 KRR AR Y
MR X Z M AFRIECR . BN GAM BRI R Z AL T, Bl R g = (s, ,s,) B AL BR
VE BN RUE I g = (s, ,s,) (HH 2D FEASRIEALL.,
AT R ) kR

L) = 2 B (X))

S Ay B — ST K 2 2 B B 0 6B OB b, kA OB,
IS8

SGAM IS HTURI AL & 2 - M2 S — A T R 2 AR SR I ™ ARHIF 5 (88— A AR R 55 7
KA 23 A1 58 HAE T 336 2 PR Ay 420 RIVEE R 1) B ], 0 R0 o (4 S RO B N I8 FHAR R b )
X —HEF U I, AR LS Simpson AYBFSE Y BEFE T WIFP & WLAYFE SR 3L . =R BIARE S (Cubic regression spline,
CR) Fl1 78 A [7] 19 #£ 2% ( Thin plate regression spline, TP) L Kz W Fft 4 5k 28 78U 4 #F 2% Bk . v 07 oo 2 F 1 BE 5%
( Gaussian process smooth spline , GP) Fll H i& i/ #£ 5% ( Adaptive smooth spline, AD) X SGAM #Y— 43 Wi b 17
e

FEERY ZRBORIST-¥ 2806 13 i KSR A 1T (Maximum Likelihood , ML) #EATAt T S8 Itk AR 703 % foff FH B
HPER KR AUIRAG T (Restricted Maximum Likelihood , REML) , fH 445 5 40 75 Z2 A fi B A2 i, R ML A 3
T A IE 9 I 2 4R e, PRRE FH T ML J7 BRA TR R BRI S 800
1.3.4  BOUPFH A5

AMWFFEE I 5 FFRARKTEE R TR 210 T AERRE ( Receiver operating characteristic, ROC) FHZE T 19
[ F ( Area under the curve, AUC) 348 X1 25 ( Mean absolute error, MAE) | 3477 1% 2% ( Mean square error,
MSE ) Fl1#4 75 #1325 ( Root mean squared error, RMSE) , H:r1, AUC A HUE IS Bl 02 0.5—1, #4201 FRoRA
R MAE 2R WA 5 5 R B 2 A1 4606 152 25 (07 25 (8, SO 1 5% 22 197 BIK 7. MSE 2 T {i
SEPMEZEE T P BIE B a5k 22 9 )7 22 . RMSE 52 MSE (-5 i, He MSE X i 22 SN Uk, S sk
ZEWIPRER 22 . AHELT MAE, MSE 1 RMSE B {3 AR S A T 2 25 . bR 45 A AR | A5 Y f) S50 5 2
[EIA= /(I

1 n
MAE = —3 |y, = 5|
i=1

1
MSE =;2 (v, = y0) "’

i=1
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[—_
RMSE =anil (i =y *

o n WREARANEL, y, I SEPRIE, v A TRINE,
1.3.5 AEBUFNE R

AbFEAdH ROC 2 iy Uk B FRe 5 BT T3 20 B 48 20 ( Youden index ) 1 i SN AR K kA 5 A 1) e b
YIEMH ( Cut—off point) , ZEFRECHHURE SR 7 B Z A 1, BUEIE A 0—1, fC3R 43 BRI Tt ARk &
SRR B T o AR 28R B B AT LA e A A R S0 B 7 e A I ML, O T2 I (L 2SS A5 ot Ak
BRRINMAKEAE s /NT % BB BT SO AE 3 SRR MRS R

IR f T A P LA 3 VAR % ( Accuracy ) R A i .

TP+TN
TP+FP+FN+TN
Krp, TP Fm HBAYE , KOS T Ry 509 s TN 2 BB 3R K (FEAILAL) T 1 1 i s P R BB
PR, T AR BB s FV RSB BAYE | JE K8 (REAILAL ) T A 5 i &icdls

TEAMF R R 15T R E MG IEA A | Logistic IHAERI A H states £LAY glm PREIFS 3, SGAM
HIHLA B mgev FLAY gam PREFS ],

Accuracy =

2 HFRESH

2.1 Logistic [Ml ALY [y 44 3
AW ST A AR B3 5 7 22 MK R (VIF) (9 2 8 3R Ze MG 30 (VIF<S) B A0 mE 5 B HERR T —1
AN A R () AR Sk A SRR LG, A S SR 2,

%2 Logistic B3 ER B S H it

Table 2 Parameter estimation of Logistic regression model

A fliiHE FrifEiR2E P AR A brifEiR 22 p
Input variable Estimate value  Standard error Input variable Estimate value  Standard error

Intercept 0.350 0.028 <0.001 Preci -1.059 0.011 <0.001
Max_temp -0.735 0.026 <0.001 Elev 0.136 0.022 <0.001
SSD 0.329 0.028 <0.001 NDVI 0.414 0.027 <0.001
RHU -1.137 0.031 <0.001

Max_temp ; 5% = #i ¥ Maximum temperature ; SSD : H HRHT %X Sunshine duration; RHU ; #H X2 JE Relative humidity ; Preci ; [#7K Precipitation ; Elev ;
WK Elevation ; NDVI; IH— LA 38 %L Normalized difference vegetation index

2.2 ZS[E) SRR R R

T FH DU ARV M FE SR LU G SGAM [WE5 SR N353 im AR 1 7 AN FESEOIAE A5 FE AR LA ) R B
1B M (P-value<0.1)

i 3 4 1Al B A AR AT il AL (1 2) |, e B ) A A Y 58 AR FH T 9 DX IR A K e 1) 2 A L
A 582 H S sZma MR GR R XA TS XA T

3 R T DU RR A LA 1Y SCAMSs HA 45 fiff R 73 e (1 A AR vk L 84 DX T %) 9 o 5 e
AL i LN AU TG K, BSR4 M R SR UL )3 AR 151 7 R 34 B AE A Al (ol 2 S (H Pl A S 180 v fi
RS R R B — Bk . RIS R P R R & A 1) 3 B s vy it — 20 B0 IE T AR S EUR B fE 48 7R
H AR it 5 FRMCR B AR Z 0] 6 R 07 T s R PR . b BRSOk A B 2 R A Sy R DG R X I8 B R Ve
PSR I A 1 5 AR, PR 3 AR AR IS 5 0K A 2 B 38 IR G, XA GV B B A 24 55% , 4R L 24
300m B, % R 2 A OG . NDVI SMOk R AR SR BIAEL M 2 NDVI /NF 2 0.22 B 5RKCE 2 B3
TS, 7E 0.22—0.85 Z[A] 5L W B IEAH G, it 0.85 Ji, A A TAHSE, FRMAIR 1 K A 5 T s iR L H FR

http ; //www.ecologica.cn



8 1 RN A EET AT SUM AT B e V1A PRk kA 3963
B2 IE R CR IR E AR,
%3 ET GP,CR,TP,AD #l&H) SGAMs KB IS4
Table3 Regression parameters of SGAMs based on GP,CR,TP,AD

FEH Model SR Parametric item ES B Nonparametric item

Tr{%fri%‘ . U ﬁijﬂﬁ PR 22 p Tr(%l'ﬁ i Jﬁﬁﬁ% p

Smoothing spline Intercept  Estimated  Std.error Smoothing term Chi-square

T T R 4 B -0.135 0.095 0.154  S;(Latitude, Longitude) 15.689 63.902 <0.001

Gaussian process smooth S;(Max_temp ) 6.850  360.048 <0.001

spline (GP) S,(SSD) 7.189  250.617 <0.001
S,(RHU) 1.000  600.777 <0.001
S, (Preci) 4703 135.237 <0.001
S,(Elev) 1.000 8.066 <0.0
S,(NDVI) 8.424  489.225 <0.001

=W AR & B, -0.153 0.100 0.128  S,(Latitude, Longitude) 14.868 52.75 <0.001

Cubic regression S,( Max_temp) 6.856  348.01 <0.001

spline (CR) S,(SSD) 7.510 24748 <0.001
S,(RHU) 3.281  593.60 <0.001
S,(Preci) 5.127  146.63 <0.001
S,(Elev) 3.437 16.34 <0.001
S,(NDVI) 8.426  489.21 <0.01

TR 1R % Bs -0.159 0.101 0.115 S;(Latitude,, Longitude) 14.900 51.74 <0.001

Thin plate regression S3(Max_temp) 6.907  356.83 <0.001

spline (TP) S,(SSD) 7.147  250.57 <0.001
S;(RHU) 1.001  602.79 <0.001
S5(Preci) 4799  136.03 <0.001
S;(Elev) 2.340 11.75 <0.01
S;(NDVT) 8.325  468.15 <0.001

EprIR= S B, -0.126 0.109 0.249  S,(Latitude, Longitude) 15.425 59.74 <0.001

Adaptive smoothing S4(Max_temp) 11.053  356.61 <0.001

spline(AD) S5,(SSD) 15772 273.49 <0.001
S,(RHU) 2,943 540.14 <0.001
S,(Preci) 5.016  195.65 <0.1
S,(FElev) 4.187 17.43 <0.001
S,(NDVT) 12.748  490.86 <0.001

B,—B,SMiFR GP,CR, TP, AD XM HIBHE , S, —S, 435I F2% GP,CR, TP, AD X - B 45 3

2.3 A

AR T AR RIS 25 XS b, TR DURIST IR S S5 19 SGAMs 119 AUC {E R 6 521
# T Logistic [PIABEA, FEXPURN SGAMs H, B AD U RESIEAA A SCAM U iR % B A T Hee = Fib
SGAMs, HIZAEMER R Logistic FIARRIR S T 4.2% , MIRE MR RIER T 4.1%, A ER I
B, R T HE— 0 SGAM I Logistic [0 IS8 7R 7E AR K CFUM A (85 B2, 161 4 25 8 T Logistic [BIEEIRIFT AD-
SGAM (5% 204 8], 5 Logistic [BIJAREIRUAR L, AD-SGAM (5% 2% 50 A1 T A FR7E O BRFT , 156 I S 75000 235 S5 o o
HEW . 225 R PIRE R TG IS AR AU XS HE 45 5, AD-SGAM 1) MAE MSE LA &% RMSE {E % T Logistic [a]1

B I B AD #0559 SGAM [ TITINAS B2 55 T Logistic [MTIHARL,
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134
132
— logitfl.
S 130 m <0
E 0 0~05
B 128 O 05~1
3 o 1-2
126 O >2
N
124
122
5 Latitude/(°)
B2 a3 EER AR R
Fig.2 The effect of spatial interaction on fire effect
logit : ¥} )L Logarithm of odds
F4 BHEKWERHOE
Table 4 Comparison of model validation results
KA B M F i HERME Accuracy/ %
Model Threshold value Area under the curve Y&k HE Training set DR Test set
Logistic [A] I #5574 0.475 0.816 78.4 77.4
GP-SGAM 0.628 0.864 82.5 81.5
CR-SGAM 0.622 0.866 82.5 81.3
TP-SGAM 0.630 0.864 82.5 81.4
AD-SGAM 0.615 0.869 82.6 81.5

GP-SGAM ; = it B2 - W A 2k -5 0] ) N PEAR Y Gaussian process smooth spline-spatial generalized additive model ; CR-SGAM ; = R [FlH 4 45 -45
&7 AR Cubic regression spline-spatial generalized additive model ; TP-SGAM ; JEM 11 VA4 2523 [a] ) XN PEAHY Thin plate regression spline-
spatial generalized additive model ; AD-SGAM : H 3 W FE £5-25 (8] ] SUMMPERE RS Adaptive smoothing spline-spatial generalized additive model

£ 5 Logistic @I TN AD-SGAM HIJLFSIRIMEE R

Table 5 Fitting results of some indicators for Logistic regression model and AD-SGAM

(R vE i A PRI (o] Y A 23 [ SR R
Model test index Logistic regression model AD-SGAM
T X2 Mean absolute error 0.323 0.263
Y75 1% 2% Mean square error 0.162 0.132

175 1% 2% Root mean squared error 0.402 0.363

2.4 BRI MKR MR

BT LA L PR AR KR 2R TN ASE 7R S s T 55 B BTL At P9 I R AR AR 32 P S B g A o A {1 0
e TR R A3 TR 53 AT A TARARL 3BT, S 38 R IR DX ARG TP | Wi 20 MRl FH b X6 235 SR P 5 ), S35 2
Je VT4 T e AR R kb IX B b, PR AR S & B BB 0.475 F10.615 DL K2 0.5 X B IRITAE 317 K
B S0 A MR AR INT B EY 0.5 1Y DX K X, & AE SR AE B (B RN 0.5 Z ] (% X ki Ay v
KR IX, K AR T B R 0.5 A8 IX 38k 35 o g KBS X, e A A 1 SRR VT4 0 2R AR RS IX Rl (8T 5)
Logistic M1 45 5 R | BB VAR BRALFR b DX 434 A I K R XA LT 448 bRk s b DX 1 2 B50pk
KA X HBIX AR AD-SGAM (TR 45 5 | 5B e vT 48 v e KR X 32 5 4 v e 7 b i X LA R H s R g 5 i
X, JCHRH X 53 A0 5 2 A X, AR pa oA /D 43 AT
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Logistic IE] Uﬂ *ﬁﬂ IE mu E ﬂ: 72% 5;%( E/‘J ’f ﬁl _l_ 5 TE %ﬁ, Fig(.i4l ]()lij:l;blslzleOf test set residuals for logistic regression
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Fig.5 Forest fire risk zoning map for heilongjiang province
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P 45 BRI X IR VLA AR K R AR SR S R TS24 T T 400, B 58, <« B K™ X FR MR R 1Y
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FHIET K 5K B A DE K RB A . ok NDVI 2 R At 9k AE K35 4R, 24 NDVI (B /N T 0.22 1), 38
WA S AL AT AR IRV MR - AT NI kU R A AT REE . 24 NDVI
{HTE 0.22—0.85 Z A1 A4 25 7K S 3 et B 1) v 28 = AR e Xt Aob K 9 7= 2R AU T o = 8 A e
BREL(NDVI>0.85) AT BEAH AR ARG 45 Be ] (0 F8 08 R MR B TR 0 T K I e 2, e AR A it
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TTIME AT, Logistic 111 A 455 764 {1 $51 J0 ABE % 31 6 24 0.022—0.947, 117 AD-SGAM ) 15 I A8 2 715 [l Ay
0.043—0.936, B # B 25 540/, SRMT, AT AR 1 (14 £ BE SR, Logistic [FJABEALZE I 2R 82 R AR 1 (14 15
MIERF R IMET AD-SGAM,, A L, Logistic 1] A 45% 70 75 B2 Jp YT 48 FR AR 9 T o () R R 4% 22, 3X 5 Zhang
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